Are challenging life courses associated with more wear and tear on the biological level? This study investigates this question from a life-course perspective by examining the influence of life-course risk accumulation on allostatic load (AL), considering the role of sex and birth cohorts. Using biomarker data collected over three waves (2004, 2008, and 2012) of the English Longitudinal Study of Ageing (N ¼ 3,824) in a growth curve framework, AL trajectories over a period of 8 years are investigated. Our results illustrate that AL increases substantially in later life. Men have higher AL than women, but increases are similar for both sexes. Older cohorts have both higher levels and a steeper increase of AL over time. Higher risk accumulation over the life course goes hand in hand with higher AL levels and steeper trajectories, contributing to the body of evidence on cumulative (dis)advantage processes in later life.
Introduction
Lifelong exposure to difficult circumstances translates itself into health consequences. This idea, originating in fundamental cause theory (Link & Phelan, 1995) and the social determinants of health (Marmot, 2005) , underlies both the concept of allostatic load (AL; McEwen & Stellar, 1993) and the risk accumulation in life-course epidemiology (Kuh, Ben-Shlomo, Lynch, Hallqvist, & Power, 2003) . AL is a comprehensive theoretical and empirical framework that articulates how chronic stress "gets under the skin" and leads to the development of disease (T. E. Seeman, McEwen, Rowe, & Singer, 2001) . AL can be understood as the price the body pays when constantly being in a state of alertness due to chronic social and material stressors, increasing the "wear and tear" of the body. Risk accumulation is a way of characterizing exposures to health risks originating in the social location over the life course, resulting in accumulated chronic stress and material deprivation (Gustafsson, Janlert, Theorell, Westerlund, & Hammarström, 2012; Kuh et al., 2003; Ross & Wu, 1996; Thoits, 2010) . This study takes a life-course perspective on biosocial pathways (Gruenewald, 2013) by testing how exactly concepts of accumulative life-course exposure, on both the social and the biological level, are connected by studying the association of risk accumulation with AL from a cumulative (dis)advantage perspective (Dannefer, 2003) , which means distinguishing age from cohort effects in a meaningful way.
Our study expands the field in two ways. First, previous research on AL in older populations (Juster, McEwen, & Lupien, 2010) has often used a static, cross-sectional research design, which conflates age and cohort effects. With the exception of Merkin, Karlamangla, Diez Roux, Shrager, and Seeman (2014) , earlier studies measured AL at a single point in time, and information on how AL develops over time and how lifelong adversity relates to trajectories of change in AL is limited. This study expands the knowledge of AL trajectories for older individuals from different birth cohorts, who have experienced different levels of (dis)advantage. This approach accounts for the changing circumstances that accompany one's development and recognizes that each cohort ages in a unique and specific way (Elder, 1998) .
Second, previous research has routinely examined AL separately for men and women and found that the relationship between the experience of stress and AL is different by sex (Gustafsson et al., 2012; Taylor et al., 2000; van Deurzen et al., 2016) . However, we know far less about the influence of sex on the relation between birth cohorts or risk accumulation and the level and the development of AL over time. In this article, we will examine cohort differences alongside sex and risk accumulation differences to advance the understanding of how health inequalities in later life are gendered over time.
In sum, the question guiding this study is to what extent levels and change in AL over time differ between sexes, birth cohorts, and profiles of risk accumulation? We focus on this limited but crucial set of predictors of AL because they are situated at the core of life-course studies. We use the English Longitudinal Study of Ageing (ELSA; Steptoe, Breeze, Banks, & Nazroo, 2012) , a prospective panel study containing biomarkers collected during nurse visits in 2004, 2008, and 2012 , which allows us to use a dynamic approach to AL, observing trajectories of change over 8 years in a large sample, substantially adding to the literature.
The AL Theory: How Stress Gets Under the Skin
AL is thought to measure the level of cumulative physiological deregulation in the body as a result of experiences of lifelong stressors (McEwen, 1998; Szanton, Gill, & Allen, 2005) . The critical assumption of AL theory is that nonlethal clues coming from the social environment can become threats (Schulkin, McEwen, & Gold, 1994) . The emotional and cognitive reaction to these clues, and their interpretation as a threat, is thought to trigger the flight or fight reaction (T. Seeman, Epel, Gruenewald, Karlamangla, & McEwen, 2010) . This process consists of the activation of the sympathetic-adrenal-medullary and the hypothalamic-pituitary-adrenal axes (Juster et al., 2010) , affecting neuroendocrine, inflammatory, metabolic, and cardiovascular physiological systems (Beckie, 2012) . Repeated stress response activation or lack of adaptation to the stressors accumulates the "wear and tear" of the body or AL (T. E. Seeman et al., 2001) . It is important to note that AL is defined as a multisystem construct because the chained sequence of physiological processes is thought to spread across multiple interconnected biological systems.
Starting with the McArthur studies of successful aging (T. E. Seeman, Singer, Rowe, Horwitz, & McEwen, 1997) , the sequelae of AL have been studied extensively (Gruenewald et al., 2012; Gustafsson et al., 2012; T. Seeman et al., 2004; T. E. Seeman et al., 2001; van Deurzen et al., 2016) . First, the literature has provided evidence that AL predicts health and cognition in later age (Beckie, 2012; Read & Grundy, 2014) . Second, the predictive effect of AL, as a cumulative index of physiological risk, for mortality and physical functioning was more uniform than that of the underlying biomarkers (Juster et al., 2010) , supporting the use of this composite measure as a marker of ill-health later in life. Third, and very relevant for our study, low socioeconomic position during childhood and adulthood, as well as adversity throughout the life course, was related to elevated levels of AL (Gruenewald et al., 2012; Gustafsson, Janlert, Theorell, Westerlund, & Hammarström, 2011) .
Risk Accumulation
Our study focuses on the precedents of AL, and disparities between social groups in AL levels and change over time, instead of its health outcomes. The main explanatory mechanism proposed is the life-course accumulation of environmental risks (Adler & Rehkopf, 2008; Evans & Kantrowitz, 2002) . With the term environment, a broader definition encompassing personal, physical, and social environments is employed. These different types of environment differ substantially in terms of hazard exposure (Rutter, 1993) , but these exposures tend to be clustered socially and are linked to the socioeconomic position of individuals rather than being independent of one another (Ben-Shlomo & Kuh, 2002; Rutter, 1981) . Crucially, although some aspects of our environment, such as living near busy traffic, can result in acute health problems, such as having an accident, environmental risks mainly affect health and well-being over the long duration, by accumulating over time (Evans & Kim, 2012; Singh-Manoux, Ferrie, Chandola, & Marmot, 2004; Vanhoutte & Nazroo, 2016; Vanhoutte, Wahrendorf, & Nazroo, 2018; Wells, Evans, Beavis, & Ong, 2010) .
The accumulation of risks by some and opportunities by others shape the life course according to a logic of cumulative (dis)advantage, with those who have initial advantage doing increasingly well and those with initial disadvantage doing worse (Dannefer, 1987; Ross & Wu, 1996) . For instance, aging increases heterogeneity in disability (Campbell & Buchner, 1997; Gill, Allore, Hardy, & Guo, 2006; Lin & Kelley-Moore, 2017) and cognitive function (Hultsch, MacDonald, Hunter, Levy-Bencheton, & Strauss, 2000; Li, Aggen, Nesselroade, & Baltes, 2001; Lin & Kelley-Moore, 2017) because of the different levels of accumulated risks for different socioeconomic groups. This increasing heterogeneity is countered to some extent by selective mortality in later life of those who have accumulated most risks, so that age acts as a leveler (Beckett, 2000; House, Kessler, & Herzog, 1990; House et al., 1994) .
Both processes of cumulative (dis)advantage and selective mortality are at work simultaneously and offer complementary explanations for health disparities in aging (Dupre, 2007; Ferraro & Farmer, 1996) , with cumulative (dis)advantage clearly having the upper hand when examining educational health disparities (Kim & Durden, 2007) and when taking cohorts into account (S. M. Lynch, 2003) . With the exception of the studies by Leopold (Leopold, 2016; Leopold & Engelhartdt, 2013) , this research agenda has been examined mainly in the U.S. context, using education as marker of socioeconomic differences, two important limitations our study wants to address.
Processes of accumulation over the life course are linked to AL. Theoretically, this makes sense since experiences of social or material disadvantage linked to lower socioeconomic positions could become a chronic stressor and increase the level of AL. In addition, it is important to note that AL theory postulates that not only major stressors such as negative life events are associated with the body's "wear and tear" but equally more latent, pervasive psychosocial stressors such as the quality of interpersonal relations, the experience of discrimination, or perceptions of safety (Carlson & Chamberlain, 2005 ; T. E. Seeman, Singer, Ryff, Dienberg Love, & Levy-Storms, 2002; van Deurzen et al., 2016) . As such, we expect higher risk accumulation to be linked with higher AL level.
Coming from a life-course perspective of cumulative (dis)advantage, which emphasizes increasing differentiation within cohorts, the relation between accumulation and AL trajectories is investigated relative to birth cohort. It is reasonable to expect that the institutional, economic, and historical contexts under which cohorts develop are related to the level of AL in later life. Cohorts are more likely to be exposed to similar circumstances, for example, the chronic stress induced by the experience of a world war during the formative years should leave a different mark than growing up in a period of economic boom (Schulz, 2010) . In recent years, a growing amount of evidence on cohort effects on different outcomes ranging from frailty (Marshall, Nazroo, Tampubolon, & Vanhoutte, 2015) , health, and disability (Jagger et al., 2007) to depression (Yang, 2007) has emerged, with younger cohorts having less psychological distress and more happiness but worse physical health, contrary to expectations of improved circumstances for younger generations. Considering that older cohorts have spent their formative years in worse economic conditions, it is reasonable to expect more "wear and tear," or higher levels of AL, compared to their younger counterparts.
Life courses are strongly gendered, with differing normative trajectories in work and family domains existing for men and women (Moen & Chermack, 2005) . The male breadwinner model, with men in full-time employment and women having weaker ties to the labor market but executing home and care tasks, may have diminished in prominence for younger cohorts, but van Deurzen and Vanhouttesex differences persist (Widmer & Ritschard, 2009 ). While childbirth and child-rearing are stressors that impact women more than men, the male breadwinner model puts more responsibility on men to provide a decent income. These differencing life pathways, encompassing disparate levels of risk exposure, result in pronounced health differences by sex in later life (Arber & Ginn, 1993; Lacey et al., 2016; Lu et al., 2017) . Therefore, we expect to find sex differences in levels of AL in later life, but the direction of these differences is uncertain.
As the interrelation of risk accumulation, birth cohorts and sex in relation to trajectories of AL were not yet studied, we refrain from formulating explicit hypotheses, and we position this component of our study as being exploratory.
Data and Method
This study used the ELSA (Marmot et al., 2016) , a prospective panel study containing information on the physical, social, and economic circumstances of the community residing English population aged 50 and over. In Waves 2004 Waves , 2008 Waves , and 2012 , ELSA included a nurse visit, during which a series of clinical measurements such as blood pressure, weight, waist and hip measurements, and blood samples were collected.
We selected respondents who were at least 50 years old in 2004 and who self-reported as White (49 respondents excluded). Although refresher samples were added in each wave, we only used respondents present in the sample in 2004. The sample was unbalanced as some respondents were only observed in 2004, while others were observed in one or both of the subsequent waves.
Some respondents had missing values for the sociodemographic variables used in our analyses, that is, sex, education level, and class position, in one of more or the three waves. In order to minimize the missingness for these variables, we used information from the other waves in the analyses. However, a small number of respondents had to be removed, that is, three respondents with conflicting sex information in the three waves, 12 men and 10 women who had missing information on education in all waves, and 115 men and 117 women who had no valid information for the occupational class variable in any wave.
The Dependent Variable
Although the ideal method to calculate the AL score is under debate (Juster et al., 2010) , one feature is not disputed: As a measure of multisystem dysregulation, AL should include biomarkers of the different systems that are thought to be affected by chronic stress exposure, for example, metabolic, cardiovascular, and inflammatory systems. Detailed information regarding the collection of the biomarkers used to compute the AL measure was presented in the Technical Report of each wave (Bridges, Hussey, & Blake, 2015; Cheshire et al., 2012; Scholes, Taylor, Cheshire, Cox, & Lessof, 2008) .
In line with research using ELSA biomarker data (Read & Grundy, 2014) , we selected the following biomarkers (associated physiological systems in parentheses): systolic and diastolic blood pressure (cardiovascular), Creactive protein (hs-CRP) and blood fibrinogen (inflammation), triglycerides, high-density lipoprotein (HDL) cholesterol to total cholesterol ratio, glycated hemoglobin (HbA1c; lipid metabolism), and waist circumference (body fat). The HbA1c was measured in 2012 in mmol/mol units, while in the previous waves, it was measured in percent. We used the recommended formula to convert % to mmol/mol (i.e., mmol/mol ¼ [% À 2.15] Â 10.929; Zaninotto, Jackson, Jackowska, Bridges, & Steptoe, 2014, p. 106) .
A widely used method to calculate the AL index uses population distribution cutoff points that identify the health risk category (coded 1) followed by a simple summative operation (Read & Grundy, 2014) . We followed research that examined AL within a longitudinal setup (T. E. Seeman et al., 2001 Seeman et al., , 1997 , and for each of the eight biomarkers, we determined cutoff points that identified the health risk category as the highest quartile within Wave 2004. We used these cutoff points to determine the health risk categories in the two subsequent waves. In line with T. Seeman, Epel, Gruenewald, Karlamangla, and McEwen (2010), we did not define sex-specific cutoff points, as this prohibits comparing men and women directly. However, a robustness test using sex-specific cutoff points resulted in similar results.
We accounted for the medication used by the respondents: Respondents who used blood pressure lowering medication were assigned in the risk category for systolic and diastolic blood pressure. Similarly, respondents using anticoagulants were assigned to the health risk category in relation to the fibrinogen measure, lipid-lowering medication in relation to HDL cholesterol to total cholesterol ratio and triglycerides measures, and diabetes medication in relation to the HbA1c measure. Following Read and Grundy (2014) for the hs-CRP measure, the values in the second highest quartile were given value 1 (i.e., health risk) when respondents used diabetic-, cholesterol-, and blood pressurelowering medication. Appendix Table A1 summarizes the cutoff points and the percentages at risk of each biomarker.
The AL measure was computed as a sum score when minimum six of the eight health risk variables had valid information. An alternative computation van Deurzen and Vanhouttethat accounted for the different number of biomarkers that cover each of the biological system resulted in similar results.
Independent Variables
Risk accumulation was measured following the strategy proposed by SinghManoux, Ferrie, Chandola, and Marmot (2004) and Vanhoutte and Nazroo (2016) . We used comparable information regarding the socioeconomic position of the respondents during childhood, early adulthood, and late midlife, respectively; the class position of the parents; the educational level of the respondents; and the class position when data were collected or of the last job before retirement.
The class position of the parents was retrieved from the 2006 wave and was based on the occupation of the father when the respondent was 14 years, recoded into three categories differentiating between manual, service, and professional class position (Vanhoutte & Nazroo, 2016) .
The educational level of the respondent is the last finished educational level, being less than O level or equivalent (low education), O level or equivalent (middle education), or higher than A level (high education).
The class position during adulthood was derived from the National Statistics Socio-economic Classification. Following the common practice, we used the short three categories version and we differentiated between (1) higher managerial, administrative, and professional occupations; (2) intermediate occupations; (3) routine and manual occupations. The small number of respondents who were long-term sick, unemployed, or otherwise impossible to place in one of the class categories (e.g., housewives who never had an occupation) was discarded from the analyses (115 men and 117 women).
For respondents who had missing values for this variable in one or two waves or for whom the class position changed between the waves, we used the highest occupational class recorded in the three waves in order to keep Each of the above socioeconomic variables was coded from 0 to 2, where 0 corresponded to the highest socioeconomic position (low risks exposure) and 2 corresponded to the lowest socioeconomic position (high risks exposure). Next, we computed a variable measuring risk accumulation that ranged from 0 to 6 by using the following algorithm: value 0 represented trajectory 000; value 1 represented trajectories 001, 010, and 100; value 2 represented trajectories 002, 011, 020, 101, 110, and 200; value 3 represented trajectories 012, 021, 102, 111, 120, 201, and 210; value 4 represented trajectories 022, 112, 121, 202, 211 , and 220; value 5 represented trajectories 122, 212, and 221; and value 6 represented trajectory 222. Value 0 stands for lowest and 6 stands for highest cumulative disadvantage.
In addition to the above, we used birth cohorts with a range of 5 years, that is 1929 to 1925 (age in 2004: 75-79), 1934 to 1930, 1939 to 1935, 1944 to 1940, 1949 to 1945, and 1954 to 1950 . Explorative analyses revealed that risk accumulation was unevenly distributed across sex and birth cohorts, and especially, the extreme scores 1 and 6 were not found in some combinations of sex and birth cohort. We collapsed the extremes of the scale to mitigate this issue, that is, 0 and 1, and 5 and 6, were grouped together.
From the 4,285 respondents who had valid information on the risk accumulation measure in 2004, 3,709 also had valid information for the AL measure, and the average AL for these respondents was 2.24 (SD ¼ 1.7). Among the 3,709 respondents, roughly 54% were males, around 10% were between 50 and 54, 26% between 55 and 59, 20% between 60 and 64, 18% between 65 and 69, 14% between 70 and 74, and 11% between 75 and 79 years old. Additional descriptive information regarding the structure of the working sample, split by wave and sex, is presented in Table 1 .
Analytic Strategy
We estimated multilevel growth curves to examine both the initial level of AL at the first observation point (2004) and the change over time in AL over the 8 years of observation. This type of multilevel model consists of repeated observations nested within individuals, so that the first level traces differences over time within individuals, while the second level captures differences between individuals (Singer & Willett, 2003) .
The multilevel growth curve model allows a random effect of the intercept, and this represents the between-individual differences in the initial level of AL in 2004. Consistent with the terminology used by Singer and Willett (2003) , we name this the initial status. In order to estimate the average rate of change in AL throughout the observation period, that is, between 2004 and 2012, we added to our models a variable time that had value 0 for 2004, 1 for 2008, and 2 for 2012, and we allowed its effect to be random between individuals. In this way, we accommodate the idea that the change in AL is different for each individual. The estimated parameter for the variable time expresses the average rate of change in AL over 4 years. We use wave as our van Deurzen and Vanhouttemeasure of time because we are interested in the average rate of change in AL for the whole sample and want to evaluate whether this rate of change differs according to birth cohort, sex, and risk accumulation.
First, an empty model is estimated to understand the structure of the variance. Next, we add time and estimate its random effect. This model ( Table 2 , Model 1) allows to estimate the average initial status at the first observation and the rate of change in AL over the observation period. Next, we estimate separate models where we introduce sex, birth cohorts, and risk accumulation as fixed effects and interacted with time ( models allow us to examine the role played by each aspect in explaining between-and within-individual differences in AL. In Model 5 in Table 2 , we present the full model with all three variables considered simultaneously.
In the subsequent Models 6 and 7, we test whether the effect of risk accumulation and birth cohorts on the level and rate of change in AL differs between men and women, by adding two types of interactions in each model. The first two-way interaction (Table 2, Models 6 and 7 upper panel) allowed us to examine potential sex differences in the effect of the two variables at the first observation period. The second three-way interaction (Table 2 , Models 6 and 7, lower panel) between time, sex, and each of the two variables allowed us to determine whether there are sex differences in the effects of birth cohorts or risk accumulation on the rate of change in AL. In Table 2 , Model 8, the full model is presented. A replication of the models in Table 2 using a categorical operationalization of birth cohorts yielded very few differences.
For each model, measures of fit are presented: the Akaike information criterion and Bayesian information criterion (with smaller figure indicating improved fit) as well as the pseudo R 2 calculated at person and timepoint level. The pseudo R 2 summarizes the percentage reduction (when figure is positive) or increase (when figure is negative) in the between-persons or within-time variance in comparison to the null model (Singer & Willett, 2003) .
All analyses are weighted by the cross-sectional weights for the blood samples that are provided by ELSA. In terms of longitudinal sample selection, mixed effects regression, or multilevel modeling, is more tolerant than other techniques for dropout, as it includes all possible information instead of using only complete cases. By using maximum likelihood estimation for our growth curve models, we assume that data are either missing completely at random (unlikely for dropout in our study) or missing at random (MAR; Curran, Obeidat, & Losardo, 2010) . MAR means that we assume missingness is related to our independent variables, that is, that cumulative (dis)-advantage and cohort are related to study participation, which is highly likely: It is known that respondents from lower socioeconomic backgrounds are less likely to remain participants in longitudinal research, and it is equally likely that older cohorts will drop out of ELSA more, as they are less likely to remain in good enough health to be community residing (an aspect that was reflected by our exploratory analyses, that showed a more substantial drop out from 2004 to 2012 for older cohorts). As such, we believe our assumptions on the patterns of missingness make growth modeling a robust method of estimation.
Results
The information presented in Table 1 shows that in all three waves, the average AL and risk accumulation of men and women are comparable. In addition, the proportion of men and women in each birth cohort was relatively similar for younger cohorts, while women were overrepresented in the older cohorts.
The main results of the multilevel growth models are summarized in Table 2 . Initial status represents the average AL across individuals at the beginning of the observation period. Rate of change represents the average change in AL scores over 4 years. In the rows underneath initial status, we present the estimated fixed effects of listed variables. In the rows underneath rate of change, we present the estimated effects of their interaction with time.
The empty model estimating the variance components according to a data structure of observations nested within individuals showed that 50% of the variation in AL scores was located at the level of the individuals. This underlines the importance of our study, which maps differences between individuals and differences within individuals over time during a period of great change, later life.
The coefficients presented in Table 2 , Model 1, showed that on average, two of the eight biomarkers in the AL index could be categorized as a health risk at the beginning of the period under investigation (initial status: 2.42, SE ¼ .03). Furthermore, we observed a significant increase in AL over time, accounting to .81 points over 4 years or .20 points added to the index every year for all participants on average, not considering their sex, birth cohort of accumulated risk profile. In Models 2-4, we tested whether sex, birth cohorts, and accumulated risk influence the level and change in time in AL. We found that all three variables explained differences in the level of AL in 2004, that is, women, older cohorts, and respondents with higher accumulation scores had higher AL score at the start of the observation period. However, the rate of change in time in AL only differed between birth cohorts and levels of cumulative (dis)advantage, that is, the increase in AL through time of older cohorts and respondents with higher accumulation scores was faster. Estimating all these separate effects in one model (Model 5) did not change these conclusions.
We wanted to test whether the effects of birth cohorts and cumulative (dis)advantage on the level and the change in AL displayed gendered patterns. We found that for women, with every older cohort, the average level of AL was higher with .23, SE ¼ .03 (Model 6, Table 2, the effect for birth cohort variable). For men, the difference in the level of AL between cohorts was significantly lower, that is, .23 À .08 ¼ .15. This implies that the average higher "wear and tear" found for men in 2004 was distributed more evenly between cohorts (i.e., AL score of 2.2 for youngest cohort vs. AL score of 2.95 for the oldest one), while for women, older cohorts fared much worse compared to the youngest one (i.e., AL score of 1.77 for youngest cohort vs. AL score of 2.92 for the oldest one). As such, for the oldest cohorts, the sex gap in AL was closed.
However, both men and women experienced a similar steeper increase in AL with every older cohort (effect of the three-way interaction Time Â Men Â Birth Cohort was statistically not significant, see also Figure 1a and b) . Next, our results presented in Model 7, Table 2, showed that the effect of cumulative (dis)advantage on the level and the change in AL was not significantly different for men and women (the effects of both the two-way and the three-way interactions were statistically not significant).
For a graphically intuitive understanding of the results presented in Table  2 , Model 8, we present the rate of change and cohort effects in Figure 1a and b, combining change over time with initial cohort differences in an age vector graph.
Conclusion and Discussion
In this study, we investigate to what extent levels and trajectories of AL in later life differ according to risk accumulation over the life course, considering the role of birth cohorts and sex. We used the ELSA (Steptoe et al., 2012) , a prospective panel study containing biomarkers collected during nurse visits in 2004, 2008, and 2012 , and we estimated multilevel growth models that allowed us to explore the relationship between AL and the three factors mentioned above. Based on our analyses, the following main conclusions can be derived.
First, it was evident that on average, the respondents included in our analyses had significantly elevated levels of AL, that is, in 2004 for both men and women, the values of at least two biomarkers of the eight could be classified as posing a health risk. While this finding is not new (Read & Grundy, 2014) , we were able to show that throughout the observed period, the AL level significantly increased for both sexes. Our results mirror the results of the only other study of AL trajectories (Merkin, Karlamangla, Diez Roux, Shrager, & Seeman, 2014) .
Second, life-course risk accumulation matters for AL in later life. Respondents who experienced higher risk accumulation had a significantly higher starting level of AL. In addition, the increase in AL was steeper for respondents with higher life-course risk accumulation, adding to the body of evidence regarding processes of cumulative (dis)advantage in later life (Dannefer, 2003) . As a potential mechanisms, Gustafsson and colleagues (2012) suggested that the clustering of socially adverse events, such as parental illness and loss, residential instability, experience of illness and death, separation, social isolation, low decision latitude, and exposure to threat and violence, contribute to the social inequalities in AL trajectories. This explanation is very much in line with how we have interpreted the concept of cumulative (dis)advantage, that is, as a holistic approach to negative influences on health and well-being, for example, occupational, environmental, and behavioral hazards that build up over the life course. In addition, the experience of lifelong insults could deplete material and psychosocial resources, gradually decreasing the ability of individuals to deal with stressful situation, and thus aggravating their stress reaction (Cullati, Kliegel, & Widmer, 2018) . Comparing our results with the United States, we see that for Merkin and colleagues (2014) , the moderation of the increase in AL by socioeconomic status was limited to respondents with a low baseline level of AL, while we found a general moderating influence of risk accumulation. This potentially points toward life-course social context having a larger influence on AL trajectories in England than in the United States. This discrepancy highlights the importance of country context for AL trajectories, an issue we hope further comparative research will investigate. Third, our study emphasizes the importance of birth cohorts for AL trajectories: Older cohorts had lower levels of AL compared to younger cohorts at the same age but a steeper rate of change. As such, the expectation of improving health conditions in later life for younger generations does not seem to hold. This could be a function of improved facilities to age in place, allowing people to reside in their own home with decreased physical health for longer than older cohorts did. These findings emphasize that age and cohort effects need to be considered at the same time to understand the evolution of AL in later life.
Fourth, we found sex differences in levels of AL, with men having higher levels but not in rates of change. As health differences are a combination of differences in social structure, health behaviors, and psychosocial coping mechanisms (Denton, Prus, & Walters, 2004) , each of these will play a part in explaining these findings. In terms of social structure, we have highlighted in the Introduction section how different societal expectations direct men and women toward different work and family life courses, which potentially result in health differences in later life. Although earlier research (J. W. Lynch, Kaplan, & Salonen, 1997) has shown that health behaviors tend to be embedded in these structural differences, men engage more in risky health behaviors as well as in physical exercise, potentially increasing the wear and tear on the body. In terms of coping mechanisms, it has been pointed out that women may engage less in a fight or flight response to stressors and prefer a less biologically harmful tend and befriend strategy (Taylor et al., 2000) . From our findings, it is not possible to disentangle exactly which of these mechanisms are at work, but we encourage future research to investigate the relative importance for AL of each of these pathways.
A last conclusion is that interactions with sex do not all point in the same direction for risk accumulation, birth cohorts, and AL in later life. While sex differences matter for the effect birth cohorts have on levels of AL, they do not matter for how birth cohorts affect the change in AL. This could mean that there were some cohort-specific experiences that differed strongly along sex lines, such as, for example, the Second World War or the tobacco epidemic (World Health Organization, 2010), resulting in different levels of either stressors or unhealthy behaviors experienced by men and women in different birth cohorts. Inversely, while the association of risk accumulation on the level of AL is clearly not related to sex, change in AL is more of a borderline case, which is clearly illustrated in Figure 1a and b: While trajectories for men for levels of accumulated risk are parallel, for women those with higher risk suggest steeper trajectories. Future research is warranted along these lines.
This study suffers some limitations. First, the measure of AL does not cover all the systems and biomarkers that are hypothesized to be affected by chronic stress exposure, as measures covering the primary mediators of the stress response are missing from our formulation. This limitation is hard to address due to lack of data. However, we expect limited coverage of the whole spectrum of the physiological systems to result in an underestimation of the level of AL, which would imply that our conclusions still hold. In addition, the large sample size and the fact that the measurements were available in three different waves, covering 8 years, balance out the somehow limited range of biomarkers.
Second, our risk accumulation measure is crude and does not directly measure the negative environmental exposures associated with low socioeconomic position. The socioeconomic position of individuals acts as a marker of clustered risks but does not differentiate between different social and economic risks and their stressor effect. In addition, we assumed that risks at different stages of the life course are equally important in influencing AL. However, this might not be the case, and some stages might be more critical than others. Future research can advance our understanding of both how specific social and economic risks, and if critical life stages, result in generalized physiological deregulation.
Third, sample selection due to missing nurse visits or attrition could affect our results. By using the weights provided with the blood samples, our study corrects for cross-sectional missingness. On a technical level, growth models have shown to give robust estimates when data are missing (completely) at random (Curran et al., 2010) . As life-course risk accumulation as well as cohort are good predictors of drop out, we assume this is the case. If data are missing not at random, respondents stopped participating in the panel because of their AL score. In other words, they most likely had higher AL and probably will have had higher levels of risk accumulation. This would imply that our models are actually underestimating the rate of change of those with high accumulation and that our conclusions still hold.
Lastly, our study is limited to respondents self-identifying as White due to data constraints. As processes of cumulative (dis)advantage and stress exposure could be different for ethnic minorities, for example, experience of discrimination and disadvantaged socioeconomic status, we hope future research can overcome this limitation. 
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